This paper highlights, from both a theoretical and an empirical point of view, how the choice of neighborhood and spatial weight affects the direct and indirect effects of environmental housing attributes on house price in environmental hedonic models.
Introduction
It has been well reported in the literature that choice of spatial weight matrix has considerable effect on the parameter estimates in spatial econometrics models. Bhattacharjee and Jensen-Butler (2006) argue that the choice of spatial weight matrix that corresponds to the true data generating process is crucial for the consistency of parameter estimates of spatial error model (SEM). Bell and Bockstael (2000) show that with microlevel data, the estimation results "are more sensitive to the specification of the sptial weight matrix than to estimation technique". However as noted by Richard et al. (2011) , the literature "tells us little about adequate foundations for these choices". The environmental hedonic valuation literature uses spatial econometrics tool since several years but most of the empirical models do not explicit the choice of the spatial weight configuration nor the impact of this choice to parameter estimates, especially estimates of environmental variable parameters. However these estimates are crucial to hedonic valuation of the demand for environmental attribute, that is the household willingness to pay for non marginal changes in the environmental quality. 1 Nowadays the hedonic property value model is widely used as a tool for environmental valuation in a number of contexts, such as the demand for air quality (Brasington and Hite, 2005; Neill et al., 2007; Yusuf and Resosudarmo, 2009 ), the impact of airport or traffic noise (Day et al., 2007; Cohen and Coughlin, 2008) , of hazardous waste sites , the effects of water quality (Leggett and Bockstael, 2000; Poor et al., 2007; Cho et al., 2011) or of flood risk (Daniel et al., 2009) , as well as the valuation of environmental amenities such as landscape, view, and beach quality (Cavailhes, 2009; Landry and Hindsley, 2011) . Therefore, as noted by Kuminoff et al. (2010) , the "widespread use of the hedonic model for policy evaluation makes it especially important to understand the method's strengths and limitations." The present paper contributes to this understanding, by studying how the configurations of neighborhood and spatial weights between neighbors influence the effects of environmental attributes on house prices in hedonic studies.
The hedonic property value model is based on the seminal work by Rosen (1974) , according to which the equilibrium on the housing market can be used to assess willingness-to-pay (or at least marginal willingness-to-pay) for non-market-tradable changes in environmental externalities. The Rosen's theoretical model demonstrates that the functional relationship between the price of a differentiated product (dwelling) and its attributes can be interpreted to be an equilibrium outcome of the interactions between all the buy-ers and sellers in a market. This functional relationship is called the hedonic price function. Under the assumptions of the model, regressing housing prices on their attributes can reveal consumers' marginal willingness-to-pay (MWTP) for individual attributes of a differentiated product, such as the environmental characteristics of a house. Theoretically, the form of the hedonic price function depends on the preferences of buyers and sellers. In most cases, however, it is nonlinear and has no closed-form solution. Ekeland et al. (2004) show that such a nonlinearity is a generic characteristic of the hedonic price function, and is necessary to identify the individual demand for an attribute.
As far as the spatial dependence of observations is concerned, three main types of spatial econometric models are commonly used in environmental hedonic valuation: Spatial Error Model (Anselin and Le Gallo, 2006; Bell and Bockstael, 2000) , Spatial Lag Model (Won Kim et al., 2003) and Spatial Durbin model Brasington and Hite (2005) . The choice of a spatial model specification has implications for the environmental valuation. The Spatial Error (SEM) specification does not modify the functional relation between the price of a house and its attributes (because of the spatial dependence of the error terms). Therefore, the MWTP for an environmental attribute is its function, and depends on the observation attribute, if the functional form is non-linear. With the Spatial Lag (SLAG) or Spatial Durbin (SDM) models, the MWTP also depends on the neighborhood of the observation. Won Kim et al. (2003) showed that the MWTP of an environmental attribute (air quality) in the SLAG model is affected by a marginal change in this attribute (termed the "direct effect" by LeSage and Pace (2009) ), but also by marginal changes in the housing characteristics in all other locations of the study area (the "indirect effect"). LeSage and Pace (2009) distinguished not only between a direct and an indirect effect in the SLAG and SDM models, they also proposed a methodology to calculate them. Furthermore, they compared models with different weight matrices (different numbers of nearest-neighbors) in the field of the regional economics and they showed that the estimates of the coefficient do not vary greatly for alternative spatial weight specifications.
In spatial hedonic modeling, the question of the robustness of the MWTP estimate for different spatial specifications or for different spatial weight matrices is of crucial importance because at the second stage of the estimation procedure, the MWTPs obtained at the first stage are used as endogenous variables in the environmental demand regression. The MWTPs must therefore be estimated using the best possible fit. If the functional relation between price of dwelling and its environmental attributes is not linear, the MWTP differs from the coefficient estimate. This is a case when SLAG or SDM specifications are chosen. In this case our interest concerns the value of the effects of environmental variables more than the value of the coefficient estimate. The choice of appropriate spatial specification is based on a series of tests. The test statistics depend on the neighborhood specification and spatial weights associated with the neighbor links. As Bell and Bockstael (2000) point out, hedonic models are characterized by a large number of observations in the sample and these observations are represented by an irregular scatter of points on the landscape. So the number, the density and spatial pattern of neighbors around the observation affect the choice of spatial specification. However, the neighborhood definition and spatial weight specification are not guided by hedonic theory. So they can lead to an important difference in the estimates of the implicit price of the environmental externality, and in consequence to a bias of the environmental demand or willingness to pay for a modification of environmental quality resulting from public policies. Bell and Bockstael (2000) study the sensitivity of estimations to two methods (maximum likelihood and generalized-moments). They use different configuration of spatial weight matrix but estimate always a SEM model. In our paper we study the impact of different neighborhood and spatial weights configuration to the choice of the appropriate spatial specification and, because of the appropriate one is SLAG or SDM, we study also the impact to direct and indirect effects of environmental attributes to housing price. To this end, we first revisit the LeSage and Pace (2009) methodology to demonstrate theoretically how the direct and indirect effects of an environmental attribute depend on the neighborhood radius and spatial weight specification in the SDM and SLAG hedonic models. Secondly, we undertake an empirical investigation to highlight the sensitivity of these effects. We develop a hedonic model for the region of the lower Loire estuary (France), hereafter Basse-Loire, using original data available to local authorities (Statement of intent to alienate). To carry out the empirical analysis, we construct a geographical information system "Hedonic Basse-Loire study", (GIS HBLS) using GIS databases of urban planning, land-cover, road networks, noise maps and other information available to local authorities. The GIS HBLS is then used to obtain spatially referenced explanatory variables of hedonic regression.f
The results of the present study are intended to show, from both a theoretical and empirical point of view, how the choices of neighborhood and spatial weight affect both direct and indirect effects in environmental hedonic model. The empirical model developed herein confirms theoretical learning and illustrates the importance of taking into account the direct and indirect effects of environmental amenities and externalities on house prices.
We show first, that an increasing the neighborhood radius causes the spatial specification to change from the SDM to the SLAG model. We show also that such a modification of the model specification could modify the MWTP of the environmental attribute and therefore have an impact on welfare analysis. For example, the exposure to road noise has no effect in the SLAG model (the implicit price is 0), whereas in the SDM model the effects of this exposure are important, and differ according to the level of noise.
Second, the results of the empirical model highlight the fact that the specification of the spatial weights between neighbors modifies the estimation results. In particular, a distance-based spatial weight causes an increase in indirect effect with respect to the case with identical spatial weights of all neighbors in respect of each observation. Thus, in the case of exposure to road noise, the results show that the negative effect of traffic noise can interact with the positive effect of accessibility, just as well as the positive effect of proximity to the seaboard can interact with the negative effect of congestion or the threat of storms.
The remainder of the paper is organized as follows. The second section deals with the theoretical question, and the third section is used to describe the empirical investigation. A short conclusion is then provided to complete the paper.
The theoretical question
This section starts by discussing the notions of neighborhood and spatial weighs in spatial hedonic models. We define next the direct and indirect effects of environmental amenities on house prices in spatial econometrics hedonic model. We show from a theoretical point of view how the specifications of neighborhood radius and spatial weight can influence these effects. We use an example to illustrate the theoretical learning and to show that an empirical investigation is required.
Neighborhood definition and Spatial weight specification in the hedonic environmental modeling
The mathematical definition of neighborhood in a metric space, is based on distance (proximity) criterea. Different fields of economics use different definition of a neighborhood. So in public economics, a neighborhood is sometimes thought to be a jurisdiction where people are taxed to produce local public goods such as education and open space. Urban economists sometimes define neighborhood as externality zones defined by the government, such as flood zones and highway noise zones. In spatial regional economics the notion of connectivity between regions defines the more often the neighborhood of a region. Because environmental hedonic is used to estimate environmental externalities effects, one can think to define a neighborhood as an area with uniform provision of externalities. However there are many type of environmental, social and other externalities which impact a housing and its price, and the influence areas of different externalities are different. Highway noise areas or flood zones are defined physically but can be different for the same house. The location of schools, commercial center or hospital defined by local government establish another "homogeneous" areas which could be thought as neighborhoods. A such heterogeneity perhaps explain why in hedonic environmental applications of spatial econometrics models, the most widely used definition of a neighborhood is based on physical distance between houses (Bell and Bockstael, 2000) .
The observations i and j are neighbors if d ij ≤ r, where d ij is an Euclidian distance between the observations and r is an exogenously chosen radius.
Another possible definition of neighbors, commonly used in regional spatial economics for example, is to choose the k nearest observations as neighbors. The advantage of this definition that it ensure that all observations have neighbors, but it leads to asymmetric neighborhoods with regards to distance between neighbors. For example neighbors of isolated observations could be located at high distance from them, while for observations located in the high density urban areas, nearest observations will be really close.
The neighborhood specification defines the number and spatial distribution of neighbors for each neighborhood. In environmental hedonic empirical studies, neighborhoods are characterized by high variations in the numbers of neighbors due to the sample size and the distribution of observations (houses) in space. 2 Table 5 is an example of this variation in the empirical study presented here. It shows that with a mean of 46 neighbors, it is possible to have 26 observations without any neighbors at all, 13 observations with just one neighbor, and 2 observations with more than 122 neighbors (that is three times the average number). For another neighborhood configuration shown in Table 5 , the average number is 388 neighbors by observation, but there is 1 observation without neighbors and 2 observations with only one neighbor, as well as 1 observation with more than 810 neighbors. When a neighborhood contains k nearest neighbors, as mentioned above, the distances between neighbors can vary significantly. Table 6 shows the distribution of distances in k nearest neighbors configurations. Even 75% of the sample is located less than 70 meters one from another, some observations are distanced from the nearest one by more than 2500 meters.
To consider the impact of neighbors a spatial weight matrix is used, where the nonzero elements reflect an intensity of spatial interaction between two neighbors: Definition 2. A spatial weight matrix W is a square N × N matrix with elements w ij (where i and j are observation indexes), such that w ij = 0 iff the observations i and j are neighbors. By definition, w ii ≡ 0.
There are many possibilities for spatial weight specification given in the hedonic environmental literature. The most commonly used are contiguity or distance-based specifications:
1. In a contiguity spatial weight matrix (named W 1 ), 3 the same weight is attributed to all neighbors of an observation (w ij = 1 if i and j are neighbors).
In practice most applications in spatial econometrics scale the individual rows (or columns) of a spatial weight matrix by the row totals which avoid singularity problem.
In row-standadized contiguity matrix the spatial weights of each observation i depend only on the number of its neighbors n i :
2. In distance based spatial weight matrix, 4 the spatial weight is equal to:
• the inverse of the distance between neighbors (in this case the spatial weight matrix is denoted W 2 ):
• the inverse of the squared distance between neighbors (in this case the spatial weight matrix is named W 3 ):
Distance based spatial weight matrix also can be row standardized for avoiding singularity problem.
Usually, in the spatial hedonic modeling the specifications of the neighborhood radius and the spatial weight matrix are quiet ad hoc. Nevertheless, this choice may be no neutral with respect to the choice of the appropriate spatial model specification, as well as with respect to the effects of environmental attributes, and it may lead to a bias in the implicit price of the environmental attribute or in estimates of environmental demand.
Direct and Indirect Effects in spatial hedonic model
Before talking about effects in spatial hedonic model, we are presenting briefly different specification of those models. As mentioned in introduction, one finds in spatial hedonic modeling many specification: SEM, SLAG or SDM. Many authors agree that different specifications are not just statistical description but have an economic explanation. So Bell and Bockstael (2000) and Won Kim et al. (2003) consider that SEM specification means that there is one or more omitted housing attributes which vary spatially and that those omitted attributes have an impact of housing price. In its turn, the SLAG specification means that the housing price is affected by prices of neighboring houses. Regarding SDM specification Brasington and Hite (2005) argue that the price of each house depends on the price of neighboring houses as well as on the attributes of neighboring areas by capturing spillover effects across neighborhoods. Our guess is that these different specifications could be related to different signals of house prices. With SEM specification, buyers use the (omitted) characteristics of neighboring houses as a signal. A SDM model captures that observed characteristics of neighboring houses, but also their prices provide signals about the observation price. And a SLAG specification implies that the prices of neighboring houses are used by buyers as signals of the observation price. It is possible to assume that the spatial model specification is affected by the cost of gathering information about the prices and characteristics of neighboring houses. Thus the number and spatial distribution of neighboring houses may affect the choice of spatial model. We will show that the radius of the neighborhood affects this choice.
We focus in the paper on two types of spatial econometric model: the SDM and the SLAG specifications. Both models are widely used in the environmental hedonic literature (see, for exemple Won Kim et al., 2003; Brasington and Hite, 2005) .
These models can be represented by the following equation
where P is a vector of housing prices, X is a matrix of housing attributes (X is the same matrix with the intercept excluded) and W is a spatial weight matrix. ρ is the spatial autoregressive parameter to be estimated. This measures the degree of spatial interdependence between the price of neighboring houses in the sample. β is the parameter to be estimated associated with the spatial lag of the explanatory variables. When β = 0 equation (1) is a regression of the SLAG model, and when β = 0, equation (1) is a regression of the SDM model. If the matrix (I − ρW ) is not singular, the reduced form of (1) is
This implies that the implicit prices of the housing attributes depend on W . When an environmental housing characteristic denoted by X EN V is continuous, the implicit prices of X EN V are partial derivatives of the endogenous variable P with respect to X EN V . Further, when X EN V is a discrete variable, the implicit prices of X EN V represent partial differences of P with respect to X EN V . In both cases, we can show that the vector of implicit prices can be written as:
where
We can therefore apply the same reasoning to the case of continuous variables as for discrete ones.
Following LeSage and Pace (2009) , the diagonal elements of the matrix M EN V capture the direct effect of an environmental attribute and the nondiagonal elements of M EN V capture the indirect effect of this attribute. Because each effect is different for each observation, LeSage and Pace (2009) used the average of the diagonal elements of M EN V as the measure of the magnitude of the direct effects, and the average of the row sums (or the average of the column sums) of M EN V minus the direct effect value as the magnitude of the indirect effects. Even if the numerical values of both measures of indirect effect are the same (as for the case of a symmetrical spatial weight matrix), the interpretation is not. Indeed, the average of the row sums of M EN V represents the impact to an Observation i that results from a marginal change in the environmental housing attribute across all observations, whereas the average of the column sums represents the impact from the Observation i to the prices of all observations that result from a marginal change in the environmental housing attribute of the observation i.
The indirect effect captures spillover effects across all neighborhoods of the spatial system, namely how changes of the attribute of a single observation influence all other observations.
In this paper we restrict our attention to the way the neighborhood and spatial weight specifications influence the magnitudes of the direct and indirect effects and the implications for environmental hedonic modeling. The measure of the indirect effect depends on the spatial distribution of observations inside each neighborhood. With row-standardized contiguity specification, the magnitude of the indirect effect of environmental attribute depends only on the number of neighbors for each observation. Increasing the number of neighbors of an observation decreases ceteris paribus the spatial weight matrix elements corresponding to this observation, and therefore their contribution to the indirect effect. However, the spatial distribution of neighbors across each neighborhood is important for explaining in terms of economics the indirect effects we obtain. It is particularly important for specifications with a high neighborhood radius. With distance based specification, the magnitude of the indirect effect depend both on the number of neighbors and their spatial distribution across neighborhoods.
An example with three observations
Let us consider an example with three observations {1, 2, 3} and two neighborhood radii: r and R, such that with radius r: the observation 1 has two neighbors 2 and 3 and the observations 2 and 3 have only one neighbor, namely the observation 1; with radius R, each observation has two others as neighbors. The corresponding spatial weight matrices are:
Since with neighborhood radius R, each observation has the same number of neighbors, for matrix W (R): w ij = w ji whatever the spatial weight specification.
The implicit price matrix (4) becomes in each case:
where ∆ r = 1 − w 12 w 21ρ 2 − w 13 w 31ρ 2 , and
The following equations present the expressions of the direct (DE) and indirect (IE) effects for each neighborhood radius for a general case of spatial weight specification:
DE(R) = 1 3α
(w 2 12 + w 2 13 + w 2 23 ) + 3ρw 12 w 13 w 23 1 −ρ 2 (w 2 12 + w 2 13 + w 2 23 ) − 2w 12 w 13 w 23 ρ 3
We first assume the coefficient estimates remain the same for both neighborhood specifications. The equations (7)- (10) show that direct and indirect effects will not be the same for each neighborhood radius.
Moreover, the equations (7)- (10) show that direct and indirect effects are influenced also by the specification of the spatial weight w ij . Table 1 presents, for each neighborhood radius, the expressions of both effects with two types of spatial weight. If the estimations of coefficientsα EN V ,β EN V andρ are not modified, the magnitude of the effects for the case with general values of distances between neighbors varies for different spatial weights with the same neighborhood radius, as well as for different neighborhood radius with the same spatial weight specification.
Nevertheless, in the general case the estimations ofα EN V ,β EN V and ρ do not necessary remain the same when the neighborhood radius or spatial weight are modified. The spatial specification could also be modified because the choice of an appropriate spatial specification is based on tests whose statistics depend on the specification of the spatial weight matrix. We therefore test the spatial dependence of the observations by means of the Moran's I-test, a general test of model misspecification that is used in the presence of spatial effects. If the Moran's I-test confirms a spatial dependence, the Lagrange Multiplier (LM) tests and the robust LM tests are used 
to choose between the SLAG and SEM spatial models. The decision rule developed by Anselin et al. (1996) , is follow. If both Lagrange multiplier tests for spatial error dependence and spatial-lag are significant, in order to identify the proper alternative, a robust Lagrange multiplier statistics should be used. If both these statistics are significant, the smallest one is taken as model specification. 5 When these tests suggest the choice of the SEM model, the Common factor test should be used to choose between the SEM specification and SDM model (Le Gallo, 2002) . 
Furthermore, for each spatial model the coefficients are estimated using maximum likelihood estimation. However, the log-likelihood of the SLAG or the SDM models depend on the spatial weight matrix. Tables 2 and 3 show how the spatial test statistics and the log-likelihood functions depend on the spatial weight matrix specification. Finally, the statistics of the tests and Table 3 : Log-likelihood functions for SLAG and SDM models
, where e = e0 − ρ e d , and
estimators also depend on observations. To investigate the overall impact of the specifications of radius and spatial weight, in the next section we describe an empirical spatial hedonic model.
The empirical investigation
We now present an original empirical study to illustrate the theoretical learnings analyzed above.
Study area and data description

Study area
The model was developed for nine communities in the region of the lower Loire estuary in western France, known locally as Basse Loire. In the estuary the fresh river water meets the saline water of the ocean, which gives rise to an important natural amenity surrounded by the Brière Park to the north of the area, the Atlantic coast to the west, and marshes and wetlands to the south. The coastline of the study area consists of sandy coves interspersed with rocky areas. Local planning has helped to enhance the waterfront through the development of a maintained coastal path. At the same time, the area is also characterized by a high concentration of industrial facilities including an oil refinery, a fertilizer plant, a shipyard and some aviation-related industry located in the industrial zone of the Port of Nantes -Saint-Nazaire. Among the industries located in the industrial port zone are a number of facilities listed in the European and French registers of pollutant emissions and / or in the SEVESO classification. These industries are subject to monitoring and control.
tests on the spatial weight matrix specification.
A further particularity of the Basse Loire area is its suburban and rural character. According to recent census data (2007) single-family dwellings represent more than 80% of all housing in the study area, apart from in two communities (Paimboeuf and Saint-Nazaire) where the proportion of singlefamily dwellings is about 65% and 44%, respectively. Most of the towns in the area have small populations (less than 10 000 inhabitants) but have shown significant demographic growth over the last ten years. 7 The Basse Loire area is connected with the regional capital of Nantes as well as with other French regions such as Bretagne and Vendée via road and rail links. The main roads on the coast to the north of the area have high volumes of traffic (made up of commuters, professionals, and the transport of goods). Noise pollution from railways may be lower because the high speed train (TGV) passes mainly through the industrial area. Figure 1 shows the study area together with the location of sold houses.
Data
We used two sources of data to construct our data set, namely data on housing transactions, and GIS data; both types are available to local authorities. Data on sale prices and intrinsic housing characteristics were obtained from the Déclarations d'intention d'aliéner (Declarations of intent to alienate, hereafter DIA). This data set is available from Town Councils and includes information about all housing transactions in the town related to property location, intrinsic housing attributes, and sale prices. From this data set, we obtained data on 1989 single-family residential houses, from 2004, January 1 to 2006, December 31 in 9 communities in the study area. From the DIA database we obtained information about sale price and plot area of each house as well as the parcel numbers of the houses.
We used GIS techniques to construct the spatially referenced variables of the hedonic regression. To this end, we used the geographical databases available to local authorities, such as cadastral data, noise maps and land use GIS. 8 Using the MapInfo software we created individual units from cadastral data corresponding to the sold houses, by bringing together where necessary the different land parcels pertaining to the same observation. We then combined the units obtained with other geographic data bases to obtain variables related to land use, noise pollution or proximity to various amenities and 7 The average population growth rate in the study area is about 9% for the period 1999 -2007, and more than 10% in some communities. In Metropolitan France the average population growth rate is 5% for the same period. (Sources: census reports of National Statistical Instritut, INSEE, RP1999 and RP2007 ).
8 The digitized cadaster data base is available from the communities groupings CARENE and Sud Estuaire, the land use GIS BD MOS44 is available from the General Council of the Loire-Atlantique (Conseil Général de Loire-Atlantique ) and the noise maps are available from the Departmental Direction of Equipement of the Loire-Atlantique (DDE Loire-Atlantique).
nuisances. All the variables, together with brief descriptions and summary statistics, may be found in Table 4 . We created a variable relative to housing type: Town Center, Urban Residential Area, Suburb Housing Estate or Isolated Hamlet. Using the noise maps produced in 2008 by CETE de l'Ouest (Western Centre of Engineering Design and Equipment), we also created a qualitative variable to take noise pollution into consideration. This corresponds to the location in a sector affected by a road in noise category 1, 2, 3 or 4. 9
There are many undeveloped areas in the region of interest, including the seaboard, the Loire river, other rivers and channels, wetlands, and ponds. We constructed a 500 meter buffer around each type of natural area, and specified the dummy variables to reflect the proximity of an observation to these features.
To account for the impact of the industrial port area, we created a dummy variable to reflect whether an observation was located closer than 50 meters to this area.
The hedonic model
To illustrate the theoretical learning of the first section, we proceed in three steps. First, we focus on the relationship between the specification of the neighborhood radius and the specification of the spatial analysis (i.e., the choice of appropriate spatial model). We show that the definition of the neighborhood is not neutral with respect to the model specification, whatever the specification of the spatial weight matrix. We then study the impact of the specification of the spatial weight matrix on direct and indirect effects for two environmental attributes: exposure to a noisy road and proximity to the seaboard. Finally, we analyze the robustness of these effects with respect to the neighborhood specification.
Basic regression and Spatial analysis
The basic regression is
Since our main focus is on the spatial econometric aspects of the analysis, we do not provide a detailed analysis of the functional form. The chosen log-log specification for continuous variables allows an interpretation of the LOT coefficient as an elasticity of house price with respect toplot size. First, we investigated the existence of spatial dependence among the observations, and its relation with neighborhood radius and spatial weight matrix specification. To carry out the spatial analysis, two types of neighborhood definition are used, the "radius" definition and the "k nearest neighbors" one. So, we used a neighborhood radius from 500 to 4000 meters at intervals of 500 meters as well as the cases of 5,7, 10, 14, 20, 28, 40 and 56 nearest neighbors, and we used the three specifications of spatial weight matrix defined in the theoretical section: W 1 (contiguity), W 2 (inverse of distance), W 3 (inverse of squared distance). Table 5 presents the characteristics of the neighborhood for different values of neighborhood radius. Table 6 presents summary statistics of distance distribution for K type neighborhoods. For each configuration (neighborhood radius, spatial weight matrix) we undertook a spatial analysis to choose an appropriate spatial specification. The results of this analysis are shown in Table 7 , and highlight the fact that the spatial model specification depends on the neighborhood radius, as discussed in the theoretical section. With neighborhoods defined by radius, when the radius is relatively small, the tests suggest the use of the SDM model, but when the radius reaches a threshold (3 000 meters with the W 1 and W 2 spatial weight matrixes and 2 500 meters with the W 3 matrix), the tests instead suggest the use of the SLAG model. 10 With neighborhoods defined as "K-nearest neighbors" , there is also a modification of spatial specification from SDM to SLAG model with a rise of a number of nearest neighbors. However, the "modification point" depends on spatial weight matrix specifications. For W 1 matrix the tests suggest a SLAG configuration for K = 10 and above, for W 2 matrix it is for K = 14 and for W 3 the "modification point" is 28 nearest neighbors. The following economic argument can help to explain these results. Within a relatively small neighborhood, the attributes of neighboring houses can influence the choice and price of an observation. In the study area, a neighborhood radius of less than 2 500 meters corresponds to a few blocks of houses.Agents are then able to observe neighboring houses to obtain information on their attributes. However, due to the relatively large number of neighboring houses and/or the more or less important weight given to nearest neighbors, the cost of obtaining information about the set of char-acteristics of all houses in the neighborhood may be too high, and the prices of neighboring houses therefore also provide an important signal in respect of the price of the house in question. This explains the choice of the SDM model in a relatively small neighborhood. In a larger neighborhood, the cost of obtaining information on the attributes of neighboring houses is relatively high, when the transaction prices of houses in the neighborhood are more easily observable (via listings of real estate agencies, websites, and so on). The prices of neighboring houses then becomes a unique signal to enable price observation, which corresponds to the assumption of the SLAG model (Won Kim et al., 2003) . In the study area, a neighborhood radius greater than 2 500 meters extends to a whole community, or may encompass several communities. The increase of the area to "prospect" for information regarding the characteristics and house prices is the primary factor that explains the transition from the specification of SDM model to that of SLAG model.
Another explanatory factor could be the number of neighbors to"prospect". According to Table 5 , for a neighborhood radius of 500 meters, each observation has an average of 46 neighbors with a maximum of 122. This number increases to an average of 388 neighbors and a maximum of 810 neighbors for a radius of 2 500 meters. Furthermore, for a neighborhood radius of 4 000 meters, the average number of neighbors is 653, with a maximum of 1 143. Moreover, for the "critical" radius of 3 000 meters at which the spatial specification of the model changes, there are no observations without neighbors: each house has at least one other house in its neighborhood (see Table 5 ). Thus, the increasing neighborhood radius not only increases the neighborhood area, but also increases the number of neighboring houses for each observartion. Agents switch to the use of prices of neighboring houses as a signal of the observation price from the use of prices and attributes of neighboring houses as the signal. 11 The results for "K nearest neighbors" definition of neighborhood corroborate the explanation in terms of difficulty of gathering information about price and attributes of neighboring houses and highlight the role of "outliers", i.e. very distant, isolated observations. Indeed, in all cases of "K nearest neighbors" 75% of distances between neighbors is less then 500 meters, but the high distances between few observations are so important then this shift the specification from SDM to SLAG. In the case of W 1 spatial weight matrix, all weights of an observations are the same, so the importance of isolated observation appears earlier than in the case of distance dependent spatial weight matrix W 2 and W 3 . More is the importance of closer neighbors, less is the impact of outliers, it because, the switch if spatial specification in the case of W 2 matrix becomes for K = 14, whereas in the case of W 3 spatial weight matrix for K = 28.
The modification of the spatial model specification may have implications for the environmental valuation. Indeed, if the modification of the model specification implies a modification of the coefficient estimates, then the MWTP could be also modified for each specification. The next section investigate this question.
Effects of environmental attributes to housing price
To analyze if the modification of appropriate spatial model impacts the estimation of MWTP for environmental attributes, we undertake a range of estimations for different configurations "neighborhood/spatial weight matrix". For each configuration, we estimate the appropriate spatial model and calculate the direct, indirect and total effect of statistically significant environmental variables. The results of the hedonic price function estimations are reported in Tables 12 13, 14 and 15. The show that different configurations affect in different way different environmental externalities both in the significance of coefficient and in their magnitude. This differences appear through different impact in term of the total effect of environmental variables to housing prices and it decomposition between direct and indirect effects.
Different effects in SDM and SLAG models depend on the W specification
Three environmental variables have a significant effect both in SDM and SLAG spatial models: seaboard proximity SEA, rivers and channels proximity RIV and wetland proximity W ET . However their impact is different: the total effect of the seaboard proximity is positive, whereas the total effects of revers and channels proximity as well as of wetland proximity are negative. This result is robust to "neighborhood/spatial weights" configuration. But the decomposition of the total effect is not robust to the spatial weight matrix specification. We are discussing this results separately for the seaboard proximity (which appears as an amenity) and for rivers/channels and wetland proximity (whose appear as an nuisances).
The results for seaboard proximity are reported in Table 8 . We observe some differences between results with contiguity and distance dependent spatial weight matrices. With the distance dependent spatial weight matrices, the positive total effect of the seaboard proximity is larger in SDM model than in the SLAG model. In the same spatial model for the same neighborhood configuration the total effect with W 2 spatial weight matrix is larger than with W 3 . Furthermore, with W 2 and W 3 the decomposition of the total effect changes when move from SDM to SLAG model. in the SDM model the direct effect is negative (about −14% ∼ −19%) or small positive (1% ∼ 4%), while the indirect effect if positive and relatively large (+58% ∼ +96%). In the SLAG model, both effects are always positive but the direct one is larger than the indirect one. The direct effect varies from +29% to +36%, and the indirect one from +8% to 21% according to different configurations "neighborhood/spatial weights". Notes: (W1), (W2), (W3) correspond to spatial models with spatial weight matrix specification respectively W1, W2, W3. The bold line corresponds to "benchmark" case of 2 000 meters neighborhood radius. -the SDM model specification, -the SLAG model specification. Only statistically significant effects are reported, taking into account the log-linear functional form of the hedonic regression.
In the models with a contiguity spatial weight matrix, results differs according to neighborhood specification. With small neighborhoods (R = 500 or K = 5, 7) we observe the same results as with W 2 and W 3 specification: in SDM model, no direct effect (+1%) and positive indirect effect (+43% ∼ 65%). Always in the SDM model with larger neighborhoods (R = 1 000; 1 500), the positive direct effect increases but is still less than positive indirect effect. When the radius increases (R = 2 000; 2 500) the indirect effect falls. It is a consequence that the lagged variable is not more significant and in the case with R = 2 000 the autocorrelation coefficient ρ is not significant neither. When moving to the SLAG model, with small neighborhoods of "K-type" the direct effect slightly declines from +29% to 23% and the indirect effect increases from +14% to 33% with a rise of the number of nearest neighbors. In the SLAG model with "R-type" large neigh-borhoods, the indirect effect is much more lager than the direct effect.
The magnitude of the positive total effect of the seaboard proximity to housing price is consistent to previous studies. For example, Bin et al. (2011) found an increase of the property values in North Carolina between 56.3% and 77% for ocean frontage, Milon et al. (1984) estimated that housing price declined 36% in moving 500 feet (120 meters) from the Gulf of Mexico. However the different decomposition of the total effect in the present study show that seaboard proximity can be viewed not only as an amenity but also as a disadvantage, and has the most positive impact on house price when the house is located near the seaboard but not too near to it, and is not subject to the negative effects of congestion or storm exposure.
The results for the river/channel proximity and for the wetland proximity are shown in Table 9 . The total effect of both variables is negative and in the most of cases the absolute value of the negative effect of river and channel proximity is larger than the total negative effect of wetland proximity.
For distance dependent spatial weight matrices, the switch from SDM to SLAG specification modifies the relation between the values of direct and indirect effects. With SDM specification, the negative direct effect of both variables is very small (about 1 − 2% for each variable) whereas the negative indirect effect is more important (from −21% to −39% for the RIV variable and from −14% to −32% for the W ET one, according to neighborhood specification). This result is expected because only lagged variables are significant in the SDM model. With SLAG model, on the contrary, we observe negative direct effect more important than with SDM model, varying between −23% and −27% (for RIV variable) and between −14% and −20% (for W ET variable), which is greater than negative indirect effect varying between −8% to −17% (for RIV variable) and between −5% and −10% (for W ET variable).
For contiguity spatial weight matrix, in a SDM model as in the case of distance dependent matrices, the direct effect of the RIV variable varies form 0 to −9% and the indirect effect of this variable is between −15% and −44%. There is no direct effect of the W ET variable, and the indirect effect of this variable varies from −20% to −47%. In a SLAG model, for "R-type" neighborhoods (with large radiuses) the indirect effect is still more important than the direct one, even the direct effect increases with respect to the SDM specification. The direct effect of the RIV variable is about −18%, and the indirect varies from −30% to −58%. The direct effect of the W ET variable is about −6%, and the indirect varies between −15% and −20%. For "K-type" neighborhoods, the absolute value of the direct effect of both variables is quiet important than the absolute value of the indirect effect when the number of nearest neighbors is relatively small (from 10 till 20), and it is less important when the number of nearest neighbors is larger Notes: (W1), (W2), (W3) correspond to spatial models with spatial weight matrix specification respectively W1, W2, W3.
-the SDM model specification, -the SLAG model specification. Only statistically significant effects are reported, taking into account the log-linear functional form of the hedonic regression.
(40 or 56). In the specification with "K-type" neighbors the direct effect of the RIV variable decreases from −25% to −19% and the indirect effect of this variable increases from −17% to −25% with a rise of the number of nearest neighbors. The direct effect of the W ET variable decreases from −15% to −10% and the indirect effect of this variable increases from −8% to −13% with a rise of the number of nearest neighbors.
The negative impact of proximity to wetlands and streams has been yet observed in hedonic literature. Thus, Doss and Taff (1996) find a convex relationship between the distance to wetlands and housing prices (the study of wetlands in the Minnesota, United States): the impact of the proximity to emerging wetlands to the is positive when the distance is less than 290 meters and then negative, the impact of the proximity to a bushy marsh is positive up to 930 meters and then negative and the impact of the proximity to wetlands in open water (rivers or channels) is positive up to 1130 meters. Mahan et al. (2000) estimate the impact of different types and forms of wetlands on the housing price in the metropolitan area of Portland, Oregon (USA) and obtained a negative impact of linear wetlands in open water and in emergent vegetation, as well as "polygons" areas of bushy marshes.
No effect in the SLAG model
When switch to SLAG specification, there is no more effect of any modality of the road noise variable. As shown on Table 10 , in the SDM model, the modality N OIS 2 has the negative direct effect and positive indirect effect whatever the "neighborhood/spatial weights" configuration. For other modalities of the road noise variable the existence of the effect depends on the "neighborhood/spatial weights" configuration.
The negative direct effect of the modality N OIS 2 is relatively stable for "K-type" neighborhoods, it varies between −26% and −33% according to different number of nearest neighbors and W matrix. With "R-type" neighborhoods, the magnitude of the direct effect varies for different spatial weights specifications. With the W 1 spatial weight matrix, it is about −26% for small radius R = 500 meters and about −10% for larger radiuses. With the W 2 spatial weight matrix, the direct effect decreases from −28% to −21% with the rise of the neighborhood radius. And with the W 3 spatial weight matrix, the direct effect is −32% whatever the neighborhood radius.
The indirect effect of this modality is positive for all configurations "neighborhood/spatial weights" but its magnitude varies according to different configurations more than the magnitude of the direct effect. The lowest value of the indirect effect is +42% (K = 5, W 1 ) and the largest is +123% (R = 2 000, W 2 ). 
Notes: (W1), (W2), (W3) correspond to spatial models with spatial weight matrix specification respectively W1, W2, W3. The bold line corresponds to "benchmark" case of 2 000 meters neighborhood radius. -the SDM model specification, -the SLAG model specification. Only statistically significant effects are reported, taking into account the log-linear functional form of the hedonic regression.
The modality N OIS 2 corresponds mostly to houses located near the main roads that connect the study area with the regional capital and other French regions. This explain the negative direct effect of the location in a sector affected by the road of the category 2. The positive indirect effect, i.e. the effect of the all houses in the study area, could be explained by the positive impact of an increasing of the mobility resulting of the access to the national road network, namely to a highway that connects the study area with the regional capital as well as with neighboring regions. The positive impact of the mobility and negative impact of the traffic noise are already observed in the hedonic literature. For example, Bateman et al. (2001) found in the hedonic model fro urban area of Glasgow (Scotland), a negative effect of the traffic noise and of a vie of roads and a positive effect of the travel time to railway station.
Finally, the results for this modality N OIS 2 show the importance of the decomposition of the total effect between direct and indirect ones. The positive indirect effect is partially compensated by the negative direct one, even the total effect is still positive with all configuration "neighborhood/spatial weights". According to the type of neighborhood and the spacial weight specification, the total effect of the N OIS 2 modality varies substantially.
It is very small with "K-type" neighborhoods: 5 − 10%, but relatively robust to the spatial weight matrix specification. With "R-type" neighborhoods, the total effect is not robust to the spatial weights specification. For the W 1 spatial weight matrix, the total effect rises from 23% to 86% with increasing of R. For the W 2 matrix, it rises from 18% to 68%. And for the W 3 matrix, from 10% till 17%. If we ignore the decomposition of the total effect, we could infer only a positive total impact of the modality N OIS 2, and do not taking into consideration a negative direct impact, i.e. to the concerned observations.
Dependence of the effect on the neighborhood definition Table 11 shows the results for the proximity to the industrialo-portuary area. The significant effect of this variable is observed only in SDM model mostly with "K-type" neighborhoods definition and distance dependent spatial weight matrices (one exception is the configuration R = 500, W 1 ). All effects are negative, the direct effect varies between −20% and −16% and its absolute value is more important than the indirect effect one which is about −5%. A such negative effect is expected from the theory because this area contains many pollutant sources as well as noisily facilities. 
Conclusion
Despite the fact that the choice of spatial weight affects the result of spatial estimation, a few environmental hedonic studies are interesting in this issue.
In the present paper we try to characterize the impact that the choice of the neighborhood and spatial weight specifications can have to estimation of environmental attributes. This impact is double: first it concerns the appropriate spatial model specification, and second, the direct and indirect effects (in the spirit of Le Sage and Pace (2009) methodology) of environmental attributes.
Using a theoretical approach we showed that different specifications of neighborhood radius and spatial weights can modify both the choice of spatial model (via tests of spatial dependancies) and the coefficient estimations, and thus modify the direct and indirect effects of housing attributes on house prices.
We illustrated our theoretical arguments in some detail by developing a hedonic empirical model using original data. This empirical model confirmed the importance of taking into account the direct and indirect effects of environmental amenities and externalities on house prices.
Our principal result is that an increase in the neighborhood radius causes the spatial specification to change from a SDM to a SLAG model. This modification of spatial model modifies also the total effects of environemtnal attributs to housing price. This results, in our knowledge new in the spatial hedonic litterature, is important, because the modification of the MWTP estimation an environmental attribute and then could have an impact on welfare analysis.
We show also there are some more differences for different environmental variables according to neighborhood definition and/or spatial weights specification. For example, in our empirical study the exposure to road noise has no effect in the SLAG model (which means that the implicit price of noise is 0), whereas in the SDM specification the effects of this exposure (the implicit price of noise) are important and differ according to the level of noise.
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